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Analyzing the commentator network within the French YouTube environment

Introduction

YouTube is the largest video hosting platform. The site has emerged in 2005 and has achieved a continuous pattern of growth since its conception [START_REF] Burgess | YouTube: Online video and participatory culture[END_REF].

A high number of creators, viewers, subscribers and commentators act in this specific eco-system which generates a huge amount of money.

The viewers,subscribers and commentators help to increase the popularity of content creators. The most popular creators are sponsored by brands and participate in marketing campaigns. For a few of them this becomes a financially rewarding profession. This has been reinforced by the YouTube Partner Program (YPP) which organizes the sharing of advertising revenue with some of the content creators [START_REF] Caplan | Tiered governance and demonetization: The shifting terms of labor and compensation in the platform economy[END_REF]. With such a program, the level of competition for views/subscribers on YouTube grew immensely and we believe that the role of comments in increasing the popularity is to be emphasized. [START_REF] Rihl | Youtube celebrities and parasocial interaction: Using feedback channels in mediatized relationships[END_REF] underline the importance of reading and making comments in the building of fans' attachment and then the building of stars visibility. Most of the influential content creators are regularly adding comments to their own videos, or replying to followers' comments. For example, when Hassan, one of the most influential French content creators4 asked a very simple question as a comment on one of his videos, he received 500 replies in a very short space of time. We understand how important 'promotion' is to content creators. Comments and the intrinsic characteristics of commentators are playing an important role in the fact that a video (and then the creator who produced it) succeeds or not in the YouTube world.

In what follows, YouTube is considered as a bilateral network between the videos and the commentators.

Analyzing a detailed data set focused on French YouTubers (section 2), we consider each comment as a link between a commentator and a video. The main objective of this paper is to understand the determinants of the creation of these links. This is to say, what can explain the choice of an agent to comment a specific video instead of another one, taking into account characteristics of commentators, videos, topics, channels as well as recommendations. This work is different from the classic NLP studies, using text mining techniques to analyze the contents of the comments and the kind of information they diffuse5 .

The data set 2.1 Building the data set

The data we have has been collected via a data intermediary giving us access to a detailed data base of channels and their videos. The data is relevant for the period of 2020-2021 and focuses on the French YouTube environment.

From this set of 391 588 videos, we extract the channels which can be monetized, according to YouTube regulations (channels with at least 1000 subscribers and more than 4000 hours of viewing time during the last twelve months).

For each video, our data set provides the number of subscribers and the number of views after 180 days (after the 1st day of uploading). It also provides the name of each commentator, the number of comments he made for this video, the YouTuber's name, the topic of the video (humor, gaming...) and other specific characteristics.

Screening the monetized channel. Keeping only channels with more than 1000 subscribers is trivial, keeping those with more than 4000 hours of viewing is trickier. We only have data about the first 6 months after release of each video. Because the vast majority of views occur during the first month after the creation of a video6 , we formulate the assumption that after six months, the number of views increase at a non significant rate and approximate the annual time of viewing by a six months time of viewing. At the end, we keep 4093 channels and 128462 videos.

The comments Our data set contains 2012966 comments. Each observation within our comments data set is a record of a comment made, indicating the name of the commentators, the video ID and the channel (or YouTuber) who has provided the video.

It is possible to achieve a great level of detail with the data we have, which will prove essential to understand consumer behavior within the commentator network.

We can calculate total number of comments made by each commentator. For example, we observe that 'Alex' is the commentator with the most comments and can follow his personal strategy. These statistics will help to categorize the commentators, and describe their strategies (topics, channels, number of videos...).

Figure 1 displays Top 10 channels of Alex and Figure 2 lists the categories most commented by the Alex.

Stylized facts

Some descriptive statistics help to have a broad overview of the commentators. We have 1032771 unique commentators in our data set, with an average number of comments 2 . The sample has a standard deviation of 4, a minimum of comments equal to 1 and maximum number of comments equal to 584 (The top commentator 'Alex'). Figure 3 displays the distribution of the top 100 commentators.

Methodology

Quick statistics show that 96% of the commentators comment only one time a certain video. In what follows, we study a non weighted bipartite network between commentators and videos, built on the sub-sample of 96% of unique comments. There is a link between two nodes when a commentator makes a comment on a video.

We run an Exponential Random Graph Model(ERGM) approach to evaluate which characteristics influence the probability of commenting a video. The creation of a link will be explained in terms of common video features, such as duration, quality, number of likes, number of views etc.

Our method is similar to that of [START_REF] Gruzd | Making sweet music together: The affordances of networked media for building performance capital by youtube musicians[END_REF], in which they employ network analysis along with an ERGM, followed by the content analysis of metadata from YouTube channels. The originality of our work consists is based around the topic we intend to study as well as the data we analyze.

https://www.youtube.com/watch?v=tGndysi405s

For a recent review of this literature, refer to[START_REF] Teng | Youtube video comments on healthy eating: Descriptive and predictive analysis[END_REF] 

We calculate that between two and six months after the release the number of views only increase on average by 11%.